We found the predictive accuracy of species distribution models (SDMs) for sedentary marine invertebrates to be dependent on the methodology of their application. We explored three applications of SDMs: first a model tested at a scale smaller than at which it was trained (downscaled), second a model tested at scale larger than its training scale (upscaled), and third a model tested at the same scale but outside the extent for which it was trained (transferred). The accuracies of these models were compared with the "reference" models that were trained and tested at the same scale and extent. We found that downscaled SDMs had higher predictive accuracy than reference SDMs. Transferred and upscaled models had lower predictive accuracy than their reference counterparts but still performed better than random, making them potentially acceptable alternatives where information is lacking for imminent decisions or in cost-restricted scenarios. Our results provide insights into the techniques available for researchers and managers developing SDMs at varying scales, with different species, and with different levels of initial information.
Introduction
Knowledge of the spatial distribution of species is essential to underpin a broad range of species-and community-level conservation and management planning processes, including the identification and protection of critical habitat (Gibson et al. 2004; Gregr and Trites 2001) , the design of marine protected area networks (Leslie et al. 2003; Louzao et al. 2006) , and the development of area-based fishery quotas (Hobday and Hartmann 2006) . However, complete knowledge of a species' occurrence over large spatial scales (e.g., 1000s of km) or its entire range is rare and can be prohibitively expensive to obtain. When such data are not available, an alternative approach is to identify the biotic and abiotic variables that correlate with species presence or abundance in a given area using species distribution models (hereinafter SDMs). Such models are then used to extrapolate predicted distributions into unsurveyed areas that are still within a species' known geographic range (Loiselle et al. 2003; Elith and Leathwick 2009) . By doing so, SDMs can be used to inform policy decisions, even in data-limited situations, identify major knowledge gaps in species distributions, and develop hypotheses about tolerance thresholds and responses to climate change or other shifting environmental conditions (Guisan and Thuiller 2005) .
The predictive power and accuracy of SDMs depend on several factors. The availability of data on species locations and environmental characteristics, data resolution, and sampling biases all affect a model's performance (Karl et al. 2000; Gontier 2007; Guisan et al. 2007 ). Data collection is rarely tailored for use in distribution modeling, and even if it is, sampling biases still exist and have the potential to distort SDM predictions (Anderson and Gonzalez 2011) . Therefore, biases related to sampling are mostly out of researchers' control and must be recognized and accepted as limitations. In contrast, the use and analysis of the data are explicitly at the discretion of the researcher(s). How to delineate the predicted areas, which modelling approaches to use, as well as how and over which spatial scales to apply the predictive models are issues that have to be considered when undertaking species distribution modelling. More specifically, several questions arise when a model is developed over a large region. For example, one might need to model an entire species' range to identify critical habitats for transitory or migratory species, to set area-based quotas for a harvested species, or to undertake a systematic planning process over a large area. At what spatial scale is the SDM best developed and applied? Is it most effective to model species distributions across the entire region of data availability? How can local variability in habitat associations be taken into account? To what extent can model predictions based on species distribution data from one area be transferred and applied to an unsurveyed area? Can a model from a small region be applied to a much larger one? Such questions raise the issues of scalability and transferability of SDMs and warrant further consideration in the application of SDMs (Wenger and Olden 2012) .
The scalability of a model is a sought-after feature with two possible variations. Upscaling a model is the process of training a model (termed the reference model) on data from a small area and then testing that model on a larger area that encompasses the original smaller area. In contrast, downscaling uses a reference model that was trained on data from a large area to predict distribution over a smaller area nested within the larger area (Fig. 1) . Upscaling SDMs is advantageous if upscaled models perform well because it saves a considerable amount of time and money that would otherwise need to be spent surveying additional areas. However, one might expect an SDM to perform poorly when upscaled if there is variability in habitat use across the larger region that is not captured by at the smaller scale of the reference model. Downscaling would only be advantageous if it produces better results than the large-scale reference model. However, a downscaled model might be ill-suited to a subset of the original area if it cannot account for local variability in species-environment interactions and over-generalizes the relationships. For instance, if a species occupies multiple habitat types across a landscape, a global model trying to fit these trends simultaneously might predict that the species occupies an "average" of those habitat types or environmental conditions, thus failing to predict distribution accurately at either a large or small scale.
Model transferability is also desirable, because models that make accurate predictions can be extrapolated to areas with little to no survey information also still within a species' geographic range (Wenger and Olden 2012) . For a model to transfer well into new areas, the relationships between species distribution and environmental variables need to be similar across areas. Yet many species exhibit local adaptations (Holt and Gaines 1992; Doebeli and Dieckmann 2003) , which may cause those relationships to differ among localities. Thus far, the transferability (i.e., the extent to which a model retains its predictive power) of small-scale reference models extrapolated to other small-scale locales has been found to be poor Segurado et al. 2006; Wenger and Olden 2012; Knudby et al. 2013) . Note that the two main differences between scaled and transferred models are that (i) scaled models are trained on some survey information from the areas to which they are tested, while transferred models are not, and (ii) transferred models are tested at roughly the same scale ( Fig. 1) , while scaled models are tested at larger or smaller scales than at which they are trained.
How well a model scales or transfers might be influenced by the characteristics of the target species, specifically niche breadth and spatial variability in habitat use. Species that have narrow environmental niches with well-defined habitat boundaries can be more accurately modelled (Luoto et al. 2005; Hernandez et al. 2006; Evangelista et al. 2008) . If the pattern of habitat use holds across the study region, a model built for one area is likely to transfer well to another. In contrast, species with variable habitat requirements or habitat generalists have proven more difficult to model (Brotons et al. 2004; McPherson et al. 2004; Hernandez et al. 2006) , and the scaling and transferring of such models should be less successful.
The goals of our study are threefold. First, we investigate the scalability of SDMs, in terms of predicting distributions both at smaller and larger scales than their respective reference models. Second, we assess the transferability of models in terms of how well they can predict distributions in areas other than the ones for which they were devised. Third, we examine species-specific differences in model performance for the reference, scaled, and transferred models. We then discuss these topics in the context of supporting management decisions.
We focus on four benthic marine invertebrates of Canada's coastal ecosystems in the northeastern Pacific Ocean: the California sea cucumber (Apostichopus californicus), geoduck clam (Panopea generosa), green sea urchin (Strongylocentrotus droebachiensis), and red sea urchin (Mesocentrotus franciscanus). All these species are widespread, abundant, and socio-economically important in British Columbia (BC). Accurately mapping their distributions has immediate management applications in terms of refining commercial fisheries management, implementing spatial management measures, including fishery closures (DFO 2013a (DFO , 2013b (DFO , 2014a (DFO , 2014b , and informing the design of a network of marine protected areas in BC.
We examine scalability and transferability across three spatial scales: local, regional, and provincial (Fig. 1) . When upscaling, local reference models were scaled to the encompassing regional and provincial scales, while reference models built at the regional scale were scaled to the provincial scale (Fig. 1) . Similarly, when Fig. 1 . Examples of upscaling (local to regional, local to provincial, and regional to provincial), downscaling (provincial to regional, provincial to local, and regional to local), transferring (local to local, regional to regional) and reference (trained and tested at the same scale and extent) species distribution models. [Colour online.] downscaling, provincial models were scaled to regional and local scales, while regional models were applied to local areas with them ( Fig. 1 ). Transferred models were examined at the local and regional scale and involved applying a reference model to a different extent of the same scale (Local Area I to Local Area II, Region I to Region II). Finally, reference models were trained and tested at the same scale and extent (i.e., local-to-local, regional-toregional, or provincial-to-provincial) , and their accuracy scores were used as references for the transferred and scaled models. (Fig. 1) . We predicted that models developed for a given area would be more accurate than models transferred from other areas. We also anticipated that scaling a model, especially downscaling, would reduce its accuracy, reflecting spatial variation in species habitat use. Even if they are less accurate, scaled models (notably upscaled) might still prove useful when sampling cost prohibits additional data collection. Lastly, we expected model transferability and scalability to vary with species habitat requirements and niche breadth. More specifically, because A. californicus and S. droebachiensis have relatively more generalist habits than P. generosa and M. franciscanus (see Materials and methods), the SDMs developed for the latter species might be more accurate and more easily transferred and scaled than those developed for the former.
Materials and methods

Study area
The study area comprised coastal ecosystems along the mainland of BC and surrounding Vancouver Island to a depth of 1138 m, the maximum depth of the four species. The islands of Haida Gwaii were excluded because survey data were sparse and these islands are ecologically dissimilar to the rest of the province (Zacharias et al. 1998 ). The provincial scale was divided into four regions (regional scale), corresponding approximately to the Shellfish Transfer Zones established by Fisheries and Oceans Canada (DFO) to manage the movement of cultured fish and shellfish along the BC coast (DFO 2014c). The four regions were (I) the west coast of Vancouver Island, (II) Strait of Georgia, (III) Queen Charlotte Sound and Queen Charlotte Strait, and (IV) North Coast of BC ( Fig. 2 ; Table 1 ). Finally, at the local scale, smaller areas corresponding to DFO Pacific Fisheries Management Areas (PFMAs) -the spatial units used by DFO to assess and manage fish and invertebrates -were selected within each of the four regions ( Fig. 2 ; Table 1 ). We usually chose one PFMA per species per region, although two PFMAs were sometimes combined to generate a suitable sample size ( Fig. 2 ; Table 1 ). For clarity, each local area shares the same identifying number as its encompassing region (e.g., Local Area I is nested within Region I; Table 1 ). Our analyses thus provide opportunities to assess SDM transferability across spatial scales and areas that are recognized as relevant to the scale of species management in BC.
Sufficient data as determined by the step.gbm function in R were available for all four species to develop SDMs with all permutations of the selected parameters (see analysis) at the provincewide scale and within the four regions, except for S. droebachiensis and M. franciscanus, for which there was insufficient survey data from Region I (West Coast Vancouver Island; Table 1 ). With the exception of S. droebachiensis, there were sufficient data to develop models for each of the species at one or more local (PFMA) scales.
Study species
We focussed on four common benthic invertebrates found on the Pacific coast of North America that are widely distributed, differ qualitatively in the degree of niche specialization, and are subject to spatially managed commercial fisheries. Two species, the giant California sea cucumber (A. californicus) and the green sea urchin (S. droebachiensis), have broad habitat preferences and environmental tolerances. Apostichopus californicus occurs in a variety of hard-and soft-bottom habitats at depths ranging from intertidal to 250 m (Lamb and Hanby 2005; Paltzat et al. 2008) . Strongylocentrotus droebachiensis is also widely distributed, ranging to depths of 1138 m (Lamb and Hanby 2005) , although restricted to hard substrates (Scheibling and Hatcher 2001) . Both species have wide thermal tolerances that exceed the range found in BC. Similar to other sea cucumber species, A. californicus likely prefer stable haline environments (Stickle and Diehl 1987) . Low salinities are generally detrimental to S. droebachiensis (Scheibling and Hatcher 2001) , but some populations persist in estuarine environments (Campbell and Russell 2004) . Apostichopus californicus is generally absent from areas of high current velocities ), but green urchins tolerate a broad range of tidal speeds (Lauzon-Guay and Scheibling 2007).
The other two species, the geoduck clam (P. generosa) and the red sea urchin (M. franciscanus), occupy relatively narrower environmental niches. Their depth limits are 100 and 65 m, respectively (Lamb and Hanby 2005) . Panopea generosa commonly occurs in soft sediment in discrete patches characterized by moderate to high currents, which are optimal for filter feeding (Bureau et al. 2012) . Panopea generosa are also thought to be more abundant in areas of lower chlorophyll a values (Campbell et al. 1998) . Mesocentrotus franciscanus prefer hard substrate (Lamb and Hanby 2005) with moderate to high currents, but thrive in areas with high chlorophyll a values and lower water temperatures (Kato and Schroeter 1985) . We therefore tentatively consider P. generosa and M. franciscanus as more specialized than A. californicus and S. droebachiensis, although we recognize that this distinction is not based on a formal comparison of niche breadth.
Species surveys
Species presence and absence data were derived from subtidal surveys conducted by scientific SCUBA divers at the Pacific Biological Station (DFO; Nanaimo, BC) as part of departmental population monitoring programs for each of the four study species. The surveys were conducted using SCUBA, no deeper than 18 m, and are therefore all considered to be nearshore surveys. The species surveys cover an extensive area ( Fig. S1 1 ) , were systematically conducted, and yielded presence-absence information, all attributes conducive to species distribution modeling.
Apostichopus californicus
The sea cucumber data used in our models were collected from 1997 to 2012 during systematic surveys within the PFMAs. When an area was surveyed more than once, the most recent data were used. The surveys were conducted along transects laid perpendicular to the coast from the surface to a depth of 15.2 m, and the number of sea cucumbers within 1 m of the transect line was recorded. Transects were set 2 km apart in five to 11 segments of coastline within each PFMA (Duprey 2011) .
Panopea generosa
The majority of geoduck data used in our SDMs was obtained from 1992 to 2013 during surveys conducted in areas with soft sediment or rocky cobble substrate. These substrate types were identified as suitable habitats, as these are a known habitat requirement for geoduck populations (Bureau et al. 2012) . At each site, survey effort was stratified by substrate type and surveys spanned the entirety of suitable habitats. Transects were run across suitable habitats every 150 m perpendicular to shore to a chart depth of 18 m. The number of geoducks was recorded in every one to four quadrats (5 m × 2 m) along each transect, depending on transect length (Bureau et al. 2012) . Additional survey information was collected from the surveys focusing on sea cucumbers from 2009 to 2010. These were conducted using the methods described in the sea cucumber surveys but recording all geoducks visible from the transect line (Duprey 2011 (Duprey , 2012 .
Mesocentrotus franciscanus
The red sea urchin data were obtained during surveys carried out from 2000 to 2011. Most transects were run every 1 km along several stretches of coastline of each PFMA to a chart depth of 10 m (Dan Leus, Fisheries and Oceans Canada, Nanaimo, BC, personal communication) . Along these transects, 1 m 2 quadrats were placed every 2 m (Leus et al. 2014 ) and the number of red sea urchins noted.
Additional survey information was collected from the surveys focusing on sea cucumbers from 2009 to 2010 (Duprey 2011; Duprey 2012) .
Strongylocentrotus droebachiensis
Green sea urchin data were collected from 1995 to 2013 during surveys that were conducted in areas with existing fisheries and in areas known to contain green urchins. Subtidal transects were run from nonsystematically predetermined locations on shore to a gauge depth of 10 m (Waddell et al. 1997 ). All green sea urchins within 1 m of the transect line were recorded (Waddell and Perry 2007) . Additional survey information was collected from the surveys focusing on sea cucumbers from 2009 to 2010 (Duprey 2011 (Duprey , 2012 .
Fig. 2.
Map of coastal British Columbia, Canada, showing the spatial divisions used in this study, which were based on federal fisheries management area designations. Regions (delineated by solid black lines, numbered I-IV) are based on Shellfish Transfer Zones, while local areas (colour blocks) are based on Pacific Fisheries Management Areas (PFMAs) used to manage fisheries. The Arabic numbers correspond to the DFO-designated PFMA number. Multiple PFMAs within the same region indicate that different PFMAs were used for different species due to data availability (Table 1) .
Environmental variables
We compiled data on primary production, salinity, temperature, bathymetry, and current from several different sources (Table 2) . These variables are known to influence marine species distributions (Whitlatch 1981; Degraer et al. 2008; Tyberghein et al. 2012) . All data pertained to 2003 to 2008 (see Table 2 ) and were recorded at a resolution of 500 m. To our knowledge these were the most comprehensive and accurate data sets publicly available for our study area at the time of analysis. Environmental data did not overlap with species surveys for all years, which is an oft-encountered limitation of SDMs. The environmental point data were interpolated using the inverse distance weighting technique in ArcGIS 10.2. Any land was masked from the interpolation and the boundary was set to the 1138 m depth contour. Substrate composition was not considered, as a robustly verified data set was not available for the entire study area. 
Data limitations
The survey data were collected over a range of years, and older samples could potentially not represent current distribution if conditions have changed. Furthermore, survey data were not collected randomly at all locations; some surveys specifically targeted areas predicted to harbour the species. The results could be skewed if certain environments were not sampled or were oversampled. These problems are commonplace in SDMs and likely to be encountered by other researchers on similar projects. Nevertheless, the surveys used here covered a broad area, were likely to be representative of the study region, with perhaps the exception of Local Area I (Table 1) , and were collected in a consistent manner over time. Finally, certain environmental variables such as pH, depth, nitrates, and substrate type were not considered because reliable data sets could not be obtained across our study region. While depth was used to demarcate the study area, it was not included as a predictor variable because there was little difference in depth across our survey locations (all less than 18 m). Instead, we used slope and bathymetric position index (BPI, a regional measure of slope; Lundblad et al. 2006 ) as habitat variables.
Analysis
Boosted regression trees
We used the boosted regression tree method (BRT) to model the distribution of the four marine invertebrate species. The BRT approach is a machine learning method that can deal with skewed data and with both quantitative and qualitative predictors. BRTs have strong predictive capabilities (Elith et al. 2008) and are tailored for presence-absence data. All BRT models were created using the packages gbm (version 2.1; Ridgeway 2006) and dismo (version 0.9-3; Hijmans et al. 2011) in R (version 3.1.0; R Core Team 2013). The raster prediction layers were created and examined using the packages raster (version 2.2-31; Hijmans and van Etten 2012) and rgdal (version 0.8-1.6; Keitt et al. 2011) .
We converted all survey data into presence-absence (i.e., occurrence) data because assuming a binomial distribution facilitates testing for congruency in predictions among models. For each of the nested models developed for each of the four species, the presence-absence data were randomly and evenly split in two data sets, one set for training the model and one set for testing it. Optimal parameter settings were then determined by running the gbm.step function 100 times for each set. Each run was done with a unique combination of the basic BRT parameters and values regularly used in optimization practices (Elith et al. 2008) . Said factors were tree complexity (TC), learning rate (LR), and bag fraction (BF). The ranges of values for TC were 1, 3, 5, 7, and 10; for LR were 0.01, 0.005, 0001, and 0.0005; and for BF were 0.2, 0.4, 0.6, 0.8, and 0.9. The optimal iteration was deemed to be the one that minimized deviance in the form of cross-validation deviance. Cross-validation refers to the gbm.step function, which creates nine subtraining sets to be tested against the 10th set. This is performed 10 times and all 10 models are used to build the final training model. This process also determines the optimal number of trees to be used in the testing model.
With optimal parameters defined, a test model was built for each species using predict.gbm function with the relevant tuned training model. The test model was evaluated using the area under the curve (AUC) of the receiver operator curve, a well-established method for testing and comparing SDMs (Phillips et al. 2006; Hirzel et al. 2006) . The AUC score is obtained by plotting the area under the curve of the true positive (a positive occurrence that is correctly classified as positive) rate plotted against the false positive (a negative occurrence that is incorrectly classified as positive) rate. AUC scores range from 0 to 1. The values can be roughly interpreted as follows: 1-0.9 = excellent; 0.9-0.8 = good; 0.8-0.7 = fair; 0.7-0.6 = poor; and 0.6-0.5 = random or unacceptable (Luna-Herrera et al. 2003 ). An AUC score was obtained for each area (provincial, regional, and local) and was considered the reference model for that corresponding area. As a post hoc cross-check for the influence of sample size, we ran models for A. californicus, the species with the most data points at the provincial scale, with 100%, 75%, 50%, 25%, and 10% of the available data and compared their AUC scores.
Scaling and transferring
We tested both the transferability and scalability of SDMs for each of the four species. After a species-specific model was built for a given area (i.e., a reference model), we scaled it up to the area(s) it was nested in and (or) down to the area(s) nested within it. We also assessed how models built for a specific area performed when transferred (i.e., applied to other areas of the same scale). The performance of scaled and transferred models was compared with that of the reference models with the AUC metric. The difference of the AUC score of a scaled or a transferred model compared with the reference model's AUC was tested against the hypothesis that such a difference should be less than zero, thus indicating a worse performance in comparison with the reference model ((AUC scale or transfer -AUC Reference ) < 0). These tests were conducted using one-tailed t tests (a = 0.05). Differences in AUC scores among species and scenarios were tested using one-way ANOVAs, and pairwise differences between groups were assessed using Tukey's tests.
Results
Predictive accuracy of reference SDMs
Across all scales, the predictive accuracy of the reference models for the four invertebrate species examined was variable, ranging from mean AUC of 0.67 for S. droebachiensis to 0.88 for P. generosa ( Fig. 3 ; Table S1 1 ). There were significant differences among species in mean AUC (F [3, 25] = 4.92, p = 0.008). Reference models developed for P. generosa performed significantly better than models developed for A. californicus and S. droebachiensis; models developed for M. franciscanus also performed better than those developed for S. droebachiensis, their more generalist counterparts (Fig. 3) . There was little difference between models built for A. californicus at the provincial scale with 100%, 75%, 50%, or 25% of the available data. Only at 10% of the sample size did the model's accuracy significantly decline from AUC values of between 0.73-0.75 to 0.53 (Table S2 1 ).
Scalability of SDMs
In nine out of the 10 comparisons between downscaled and corresponding reference models, the differences in AUC scores were significantly positive (p < 0.05; Fig. 4 ), meaning that downscaled models had significantly better accuracy. The one exception was for P. generosa when comparing regional with local scales. Mean absolute AUC scores for downscaled models were 0.94, 0.93, 0.94, and 0.87 for P. generosa, M. franciscanus, A. californicus, and S. droebachiensis, respectively (Fig. 4) .
In contrast, the upscaled models performed significantly worse (p < 0.05) in seven out of 10 comparisons (p < 0.05; Fig. 5 ). The exceptions were the local to regional applications for P. generosa and M. franciscanus, as well as regional to provincial application for S. droebachiensis (Fig. 5) . Mean absolute AUC scores for upscaled models were 0.70, 0.69, 0.65, and 0.73 for P. generosa, M. franciscanus, A. californicus, and S. droebachiensis, respectively (Fig. 5 ).
There were significant differences among species in predictive accuracy of upscaled (F [3, 32] = 6.026, p = 0.002) and downscaled (F [3, 25] = 6.711, p < 0.001) models. In pairwise comparisons, upscaled models for P. generosa performed significantly better than those of A. californicus and of S. droebachiensis (Table 3 ). In contrast, the downscaled models for S. droebachiensis performed significantly better than those of the three other species (Table 3) .
Transferability of SDMs
Overall, model performance decreased when transferred to other areas at the same scale. In almost all cases, except for models of S. droebachiensis, transferring SDMs resulted in a decrease in AUC scores (Fig. 6) . The changes in AUC scores were similar for transfers among localities and among regions for P. generosa and A. californicus (p > 0.05 in both cases), but models for M. franciscanus transferred at the local scale resulted in a significantly greater decline in mean AUC than transfers among regions (Fig. 6) . While transfers resulted in declines in AUC scores, they still averaged , as measured by the difference in AUC scores between downscaled and reference models, for distribution models of four benthic invertebrate species on the coast of British Columbia. Positive differences mean that a downscaled model was more accurate than its reference. An asterisk (*) indicates AUC differences that were statistically different from zero (p < 0.05). Scales: L = local, R = regional, BC = provincial. above random predictive accuracy, with mean AUC scores of 0.59, 0.57, 0.58, and 0.68 for P. generosa, M. franciscanus, A. californicus, and S. droebachiensis, respectively (Fig. 6 ).
There were significant differences among species in transferability of SDMs (F [3, 62] = 8.80, p < 0.001). Transferability was significantly better (i.e., lower decline in AUCs) for distribution models of S. droebachiensis than for those of M. franciscanus and P. generosa. Models of A. californicus also had significantly better transferability than those of P. generosa (Fig. 7) .
Discussion
We found clear patterns of scalability and transferability of SDMs. In all but one instance, downscaled models performed better than the reference model built specifically for that smaller scale. By contrast, upscaled models performed worse in seven out of 10 instances. Transferring SDMs either at the local or regional scale led to a decrease in their predictive accuracy. In almost all instances (61/66), the reference models performed better than transferred models. Although their accuracy was lower than reference models, upscaled and transferred models still tended to have higher-than-random predictive accuracy. Moreover, upscaled models had higher average predictive accuracy than transferred models. Though we found species-specific differences in the predictive accuracy and transferability of SDMs, the results were not consistently associated with patterns of species niche breadth. Together, these results raise important and testable hypotheses on the scale dependence of species-habitat relationships and have direct implications for fisheries management and conservation of marine coastal ecosystems.
Scalability and transferability
Contrary to our prediction, downscaling models significantly improved SDM predictions. In nine of 10 downscaling scenarios, the downscaled model performed better than the reference model. On average, downscaled models increased the performance of SDMs by a full increment on the performance scale. In other words, downscaling regularly turned an acceptable prediction (AUC > 0.7) Fig. 5 . Scalability of species distribution models: upscaling. Data include absolute AUC scores (left axis, solid markers) and the difference in predictive accuracy (right axis, open circles), as measured by the difference in AUC scores between upscaled and reference models, for distribution models of four benthic invertebrate species on the coast of British Columbia. Negative differences mean that an upscaled model was less accurate than its reference. An asterisk (*) indicates AUC differences that were statistically different from zero (p < 0.05). Scales: L = local, R = regional, BC = provincial. into a good one (AUC > 0.8), or a good one into an excellent one (AUC > 0.9) (see Table S1 1 ). In only one scenario did a downscaled model perform worse than its reference counterpart, and in this example (Region II to Local Area II for P. generosa), only marginally so (change in AUC = -0.02). Such results indicate that downscaled models have the potential to provide significantly better results than developing and applying SDMs at their reference scale. At the very least, downscaled models provided results with the equivalent accuracy of their reference model. In contrast, as we had predicted, scaling models up from smaller to larger areas resulted in losses in predictive accuracy in seven out of 10 scenarios. The accuracy of upscaled models averaged around 0.7, which is acceptable, but this roughly represents a decline of one to two steps on the SDM performance scale in comparison with the reference models.
Downscaled models could be more accurate than reference models for a number of reasons. One is sample size; increasing sample size tends to increase AUC values (Stockwell and Peterson 2002; Hernandez et al. 2006; Wisz et al. 2008) , and our downscaled models had larger sample sizes than their reference. However, the relationship between sample size and accuracy is a decelerating curve, with the point of diminishing returns usually reached at sample sizes of 10s to 100s (Stockwell and Peterson 2002; Hernandez et al. 2006; Wisz et al. 2008 ). This was supported by our analysis of sample size that showed that only models built with the smallest sample sizes (10% of the available data, n = 463) had lower accuracy (Table S2 1 ). Our sample sizes for models developed at the smaller (local, provincial) scales were typically much larger than the 10% subsamples from data sets used to build models at larger (provincial, regional) scales. Another potential reason for increased accuracy in downscaled models relates to the geography of the species distribution (Morris 1987; Saab 1999) . If a species' distribution is better predicted from information gathered at a larger scale than the data it is tested with, it might be because the larger area contains a more accurate representation of the species' variable habitat use patterns. Conversely, the smaller area may contain a poor or biased subsample of that species' distribution. For example, in a heterogeneous environment, species surveys conducted over a small area, and the resultant models, are more likely to over-sample and over-predict occurrence at one tail of the habitatoccurrence probability distribution. Sampling a larger area provides more representative information and allows models to better predict the species' true habitat use (Leftwich et al. 1997; Boyce 2006 ). While we did not encounter a limit to downscaling, there should be a point where including information from outside the study area is no longer beneficial. This point is likely to vary from species to species and should be a focus of further research. Finally, the improved performance of our downscaled models could also result from scale-dependent ecological processes directly affecting the strength of habitat-distribution correlations across spatial scales. As we did not test the influence of our predictor variables, we cannot provide further insight, but future work should be aimed at understanding whether habitat factors having variable levels of influence at varying scales. Whether our results are truly an indication of scale dependence in habitat patterns is yet to be determined. Though the influence of scale in ecological processes has long been recognized (e.g., Levin 1992), our results provide a set of nonmutually exclusive and testable hypotheses to disentangle the causes of SDM scalability. Future research could, for example, test for scale dependence in habitat use for each species. If little variance is found between scales, SDM scalability could instead be best explained by sampling and (or) modeling processes. Regardless of the exact mechanism, our results provide an intriguing consideration for the application of SDMs. 6 . Transferability of species distribution models: local-to-local and region-to-region. Data include absolute AUC scores (left axis, solid markers) and the difference in predictive accuracy (right axis, open markers), as measured by the difference in AUC scores between transferred models of reference models at the same scale, for distribution models of four benthic invertebrate species on the coast of British Columbia. Negative differences mean that a transferred model was less accurate than its reference. An asterisk (*) indicates AUC differences that were statistically different from zero for both local-to-local and region-to-region (p < 0.05).
As expected, transferring SDMs to an area that had contributed no survey information resulted in decreased predictive accuracy Segurado et al. 2006; Wenger and Olden 2012; Knudby et al. 2013 ). On average, transferred models had AUC scores of approximately 0.6, which is considered poor predictive accuracy although still slightly better than random. Nearly all same-scale transfer scenarios, whether region-to-region or localto-local, resulted in declines in predictive accuracy compared with the corresponding reference model. The limited transferability between areas suggests that habitat usage patterns in one region cannot be assumed to be identical in another region (Fodrie and Mendoza 2006; Vasconcelos et al. 2010; García-Roger et al. 2013) . Further research could test the relationship between transferability and distance of separation between areas with the expectation that SDMs should transfer better to closer areas compared with geographically distant areas.
Species-specific differences
As more consideration is being given to managing multiple species concurrently (e.g., Zipkin et al. 2010) , it is worthwhile considering the similarities and differences of results among our study species. We had predicted that SDMs developed for more specialist species (P. generosa and M. franciscanus) might be more accurate and easier to transfer and scale than those developed for generalist species (A. californicus and S. droebachiensis). Our results only support this prediction for species-specific differences in performance of the reference models. Predictive accuracy was poor for S. droebachiensis and acceptable for A. californicus -the two "generalists" -but good for P. generosa and M. franciscanus, the two species with qualitatively narrower environmental niches. Our results agree with the past finding that the well-defined and consistent habitat requirements of specialists are easier to identify and to model than those of generalists, which can contain more variability (Brotons et al. 2004; McPherson et al. 2004; Luoto et al. 2005; Hernandez et al. 2006; Evangelista et al. 2008) .
The SDMs of specialist species, however, did not consistently perform better than reference models when scaled up or down or when transferred to other geographic areas. While the models for P. generosa performed better than those of all other species when upscaled, those of S. droebachiensis gained the most accuracy when downscaled and showed better transferability than those of specialist species P. generosa and M. franciscanus, which had more accurate reference models. The models for S. droebachiensis were built using the lowest sample size and might have thus benefited the most from an increase in sample size. Our sample size analysis suggests that model prediction scores can drop significantly when samples are close to those used for the S. droebachiensis model at the provincial scale. While past research suggests that our sample sizes were sufficient (Stockwell and Peterson 2002; Hernandez et al. 2006; Wisz et al. 2008) , it seems likely that sample size played some role in the low scores for S. droebachiensis. Interestingly, the species with the highest AUC scores for reference models (P. generosa and M. franciscanus) had the largest losses in model performance when transferred. This could indicate that the models of specialist species are less suited to being transferred due to the specialized habitat requirements or that the models built for P. generosa and M. franciscanus simply had more to lose due to their higher initial AUC scores. To our knowledge, ours are the first comparisons of both scalability and transferability among species in all systems. Further investigation using a broader range of taxa is needed to understand the reasons for species-specific differences in these two important features of SDMs.
Towards improved SDM-based management decisions
Decision-makers must often act without all available information (Soulé 1985) . Species distribution models are one tool that Fig. 7 . Transferability of species distribution models: specific differences. Data show species-specific differences in predictive accuracy (AUC scores) of distribution models of four species of benthic invertebrates when tested on same-scale geographic areas other than the ones for which they were built. Negative differences indicate a decrease in predictive accuracy compared with the reference model. The boxes are as described in Fig. 3 . Groups with the same letters are not significantly different from one another (p > 0.05). allows managers to extrapolate or interpolate existing occurrence data more quickly and cheaply than by conducting additional surveys. Our study of scalability and transferability of SDMs generates two novel insights that can contribute directly to fisheries management.
We draw two management-relevant conclusions from the scaling results. First, while it is indeed possible to build accurate SDMs for an area as large as the coast of BC, the accuracy of those results might improve by crafting downscaled models. This holds true when taking information from the province-wide level (>100 000 km 2 ) and applying it to fisheries management zones at the local level (800-9000 km 2 ) or at a regional level (25 000-34 000 km 2 ). It also holds true when applying the regional-scale information to the local level. Second, it is not advisable to upscale a model, as much more accurate results can be obtained with reference or downscaled models.
Downscaled models could become a useful tool for management. We have demonstrated that the benefits from downscaled models can be great; in our study the benefit was an increase in AUC of 0.1 on average, up to a maximum of around 0.3, and a minimum accuracy on par with the reference model. The increase in accuracy was maximized when the reference AUC score was low. Therefore, the most appropriate situations in which to apply downscaled models are likely to be those that have the largest room for improvement. The applicability of downscaled models will also largely depend on the costs of additional resources required to survey species over larger scales. Such cost-benefit analysis would have to be conducted on a case-by-case basis.
While upscaled and transferred models had AUC scores that were lower than those of the respective reference models, they still tended to have better than random accuracy (AUC = 0.5). Using either a transferred or upscaled model could allow managers to make relatively informed decisions about the distribution of species in unsurveyed areas. The upscaled models performed, on average, better than the transferred models (approximate average AUC of 0.7 versus 0.6) and could be considered a preferable choice. All due precautions should be taken when applying these transferred or upscaled predictions, but they provide a possible tool to managers when an immediate decision is required and time or money cannot be spent gathering further information.
Data limitations
The main limitations of the data used in our models were the absence of substrate as a predictor variable and the inclusion of nonrandom surveys in our training and testing data sets. Substrate characteristics are known to influence the predictions of species distribution models for aquatic benthic invertebrates (Whitlatch 1981; Jowett et al. 1991; Degraer et al. 2008) . Including substrate data in our models might therefore have improved the performance of reference, scaled, and transferred models. Many of the species surveys used in our models were stratified according to known habitat preferences and substrate composition (e.g., soft sediment for geoducks and hard rock for urchins), but substrate data were not collected for all surveys. However, we believe that our models are still appropriate, given the coarse sampling resolution and the use of habitat types for the design of surveys. Substrate was highly likely to be heterogeneous within a cell at the resolution we used (500 m × 500 m) and therefore misrepresented by a single value per cell. Other large-scale modeling projects have also not included substrate (Tittensor et al. 2009 ) or relied on proxies (e.g., BPI, slope) similar to those used in our study (Wilson et al. 2007) . Given that some surveys were biased towards suitable substrates, habitat variables would not provide independent predictors and introduce further biases. Finally, a number of our reference models had very high AUC scores, which suggests that the exclusion of substrate did not hamper our ability to make accurate predictions (most notably for P. generosa and M. franciscanus). The inclusion of stratified survey data are not ideal, as it lowers the potential applicability of our models when interpolated or extrapolating into unsurveyed areas. Unfortunately, completely randomized survey data were not available within the same region to test for this potential bias. However, if they were, it would be of great interest to compare species distribution models built with data from random and nonrandom surveys.
We applied large-scale SDMs of four commercially important marine invertebrate species with acceptable and even high levels of accuracy. By building and comparing SDMs using different techniques, at different scales, and with different species, we were able to provide several insights into future SDM applications. The benefits of downscaled models, as well as the accuracy of transferred and upscaled models, should be of particular interest to fisheries and wildlife managers who may encounter similar situations as the ones we examined. Typically, the desired modeling technique will depend on available data, available resources, as well as geographic and biological details. Nevertheless, our results provide immediate information to help make management decisions and suggest further investigation into the mechanisms underpinning the results and their applicability to other species and ecosystems.
